We present here a novel method to assess coastal vulnerability to tsunami based on GIS (Geographical Information System), ASTER imagery (Advanced Spaceborn Thermal Emission and Reflection Radiometer) and SRTM-3 elevation model (Shuttle Radar Topography Mission-3). We developed this method within the CRATER project (Coastal Risk Analysis for Tsunamis and Environmental Remediation) and applied it on the whole western coast of Thailand. As result, we generated a set of vectorial vulnerability maps with a geometrical resolution of 90m (scale 1:450 000). This approach provides a low-cost and quick tool to analyse extended coastal tracts, and prioritize investments for prevention measures or for further high-resolution analysis.
Introduction
There are many definitions of vulnerability, but at the broadest level, it is agreed as meaning "potential for damage". Godshalk [1991] describes vulnerability as "the susceptibility to injury or damage from hazards", while according to Mitchell and Cutter [1997] vulnerability is "the potential for loss or the capacity to suffer harm from a hazard. It can generally be applied to individuals, society, or the environment". The United Nations [1992] describe vulnerability as the "degree of loss (from 0% to 100%) resulting from a potentially damaging phenomenon". The Indian Ocean Tsunami (IOT) of December 2004 clearly demonstrated that a large teletsunami can have major impacts on low lying coastal areas of those countries that surround the entire ocean basin. Furthermore, depending on local socio-economic and environmental conditions, the vulnerability to, and impacts of a tsunami at any given location can be highly variable even along a few kilometres of coastline [UNEP, 2005] . The 2004 IOT caused highly variable damage within the coastal zones of nine countries from South East Asia (Indonesia, Thailand, Myanmar, Bangladesh, Sri Lanka, India, Maldives) to Eastern Africa (Kenya and Somalia) more than 4500 km from its source [Titov et al., 2005; Lovholt et al., 2006; Matsutomi and Sakakyama., 2006; Nadim and Glade, 2006; Thanawood et al., 2006] . Given the potential scale of the affects of tsunamis and the high spatial variability of the caused damage, local and national government agencies faced with the task of developing appropriate tsunami disaster risk reduction strategies need appropriate tools to enable them to assess vulnerability at various scales. National and local administrations need specific tools to analyse existing vulnerability, prioritize prevention measures and address available financial resources in most critical areas. For a tsunami of any given magnitude, the vulnerability of exposed coastal areas may be estimated by taking into consideration all human and environmental factors that contribute to the expected level of damage. The choice of factors that can/should be analysed is dependent on the scale and the accuracy of the results required by decision makers. For example, the vulnerability of a single building may be assessed via an analysis of factors related to its physical features (e.g., construction material, number of stories). Conversely, assessment of the vulnerability of an entire coastal region requires other datasets at completely different scales (e.g., land cover, coastal geomorphology). Consequently, the types and scales of analysis influence the volumes and accuracy of data needed. Outputs from the vulnerability assessment process can be easily displayed via simple, clear thematic maps [Cutter et al., 2003; Williams and Alvarez, 2003 ]. At present, available methods for tsunami vulnerability assessment are designed to be applied mainly at high resolution [Papadopoulos and Dermentzopoulos, 1998; Aitkenhead et al., 2007; DomineyHowes and Papathoma, 2007; Garcin et al., 2008; Taubenbock et al., 2008; Dall'Osso et al., 2009a; Dall'Osso et al., 2009b; Dominey-Howes, et al., 2010] using data at the scale of individual buildings or infrastructure units. Data are normally gathered through field surveys and direct census analysis. Due to their high resolution and the time required for data collection, these methods are well suited to the analysis of vulnerability 'hot spots' such as limited portions of urbanised areas or single villages. Those hot spots must be chosen among all exposed coastal sites, on the basis of specific Public Administrations (PA) requests, or scientific interests based on past tsunamis. At the other end of the spatial scale, analysis at regional or national levels use satellite imagery or geographic data to identify and map areas that are exposed to tsunami flooding [Theilen-Willige, 2006; Chandrasekar et al., 2007; Theilen-Willige, 2008] . However, within those areas, the vulnerability level depends also on the environmental and socio-economic variability, which is not considered by most of such approaches. Land cover data were considered by Wood [2009] , in a study aimed at identifying the tsunami prone land along the Oregon coast of the United States. Wood extracted land cover data from ETM+ sensor (Landsat satellite) images and coupled these with pre-existing tsunami-hazard information. Although this approach is one of the few to consider the integration of socio-economic and environmental data, it is based on the use of a pre-existing database of tsunami hazard information which is highly unlikely to be available elsewhere, making the application of Wood's approach problematic. This paper outlines an innovative new method for undertaking rapid, regional to national scale assessments of coastal vulnerability to tsunamis that may be applied anywhere. The data needed to undertake the vulnerability analysis are easily gathered from readily available ASTER satellite images (Advanced Spaceborn Thermal Emission and Reflection Radiometer) and 3s-SRTM-v3 (3 arc-seconds Shuttle Radar Topography Mission, version 3) digital elevation models. Results of the vulnerability assessment can be displayed via GIS as a series of thematic maps having an horizontal resolution of 90 m (scale of 1:450 000). Our approach goes beyond that of Wood [2009] as it exploits the flexibility and higher resolution of the newer ASTER sensor. It has wide applicability since it is not based on the need for detailed tsunami hazard or tsunami inundation zones. We applied our new method to the entire western coast of Thailand as part of the CRATER Phase II (Coastal Risk Analysis for Tsunamis and Environmental Remediation) project. In the 2004 IOT aftermath, the CRATER project represented the technical contribution of the Italian Government to Thailand. Because of the large geographic region involved in the original CRATER project, the coast of Thailand was divided in to 12 separate mapped areas. However, here we just present a case study of Phuket Island to illustrate the capability of our approach. Readers interested in the results for the other coastal zones of Thailand zones can contact the authors and ask for the CRATER final report. For our inundation scenario we considered a single wave (rather than wave train) generating a run-up up to 25 m a.m.s.l. (above mean sea level) inundating to a distance of 5 km. Given the characteristics of the inundation generated by the 2004 IOT [Titov et al, 2005; Lovholt et al., 2006; Siripong, 2006; Hori et al., 2007] we consider this to be the "worst credible case" for a tsunami affecting the west coast of Thailand.
The CRATER Method
Measuring the vulnerability level: required data Data contributing to the general vulnerability level has been chosen and evaluated on the basis of the analysis scale, the extent of the study area, and previous post-tsunami surveys. We analysed the vulnerability of coastal zones and inland areas using the following parameters: -for coastal zones: infrastructural, geomorphological and ecological features; -for inland areas: land use, altimetry and distance from the shoreline.
Coastal zones
According to field surveys undertaken after the 26th of December IOT, the highest damage occurred in urbanised areas (harbors, wharfs, aquaculture plants), especially if located behind long and flat shorelines [Darlymple and Kriebel, 2005; Ghobarah et al., 2006; Matsutomi and Sakakyama, 2006; Thanawood et al., 2006] . In particular, beaches experienced very high changes during backwash, which eroded sediment and deposited it over coral reefs [UNEP, 2005] . This scouring effect appeared to be more evident for long and wide-open beaches in flat areas, rather than in small bays with pocket beaches. Strand and Masek [2005] suggested that this could be due to the higher amount of water flowing inland and back to the sea after the inundation. Coastal geomorphology was found to be an important factor controlling the tsunami effects also by Nainarpandian et al. [2007] . Another key-role of coastal ecological features was played by mangrove forests, that suffered some damages from the wave impact and the strong sedimentation rate, but also behaved as a protection for inland areas. Mangrove roots and branches reduced the flow velocity and trapped sediment and debris [UNEP, 2005; EJF, 2006; Chang et al., 2006; Bhalla , 2007; Cochard et al., 2008; Rabindra et al., 2008] .
Inland areas
The vulnerability of inland areas is strictly dependent on the overall value of each land portion that could be partially or completely damaged during the inundation. That value includes socio-economic aspects (population, buildings, economic resources) and environmental features (natural resources) [Wood, 2009] . Given our scale of analysis, we considered land use as a proxy for the overall value of inland areas. The inland topography (intended as elevation above mean sea level) was also considered as a basic element for understanding what will be the depth of water during inundation at any particular point within the study area. Finally, the distance from the shoreline was also considered as a factor affecting the vulnerability of inland areas because of the dissipation of the water flow energy, caused the friction effect of soil during the inundation [Iverson and Prasad, 2007] .
Data gathering and analysis: ASTER imagery and SRTM elevation model
We used a set of 15 daytime ASTER images to extract information about coastal geomorphology, land use and distance from the shoreline along the entire western coast of Thailand. Phuket Island was fully covered by a single image, taken on the 8th of February 2005 (Fig. 1) . The ASTER sensor consists of three different subsystems : the Visible and Near-infrared (VNIR) has three bands with a spatial resolution of 15 m, and an additional backward telescope for stereo; the Shortwave Infrared (SWIR) has 6 bands with a spatial resolution of 30 m; the Thermal Infrared (TIR) has 5 bands with a spatial resolution of 90 m [Abrams and Hook 1998; Abrams, 2000; Yamaguchi et al., 2001] . Each image covers an area of 60 km x 60 km and the repeat cycle is 16 days. Data about topography was obtained through the use of a 3s SRTM-v3 Digital Elevation Model (DEM), version-3. SRTM is an interpherometric DEM produced by NASA (http:// seamless.usgs.gov/products/srtm3arc.php#download). The SRTM DEM we used has a horizontal geometrical resolution of 90 m and a reported vertical accuracy of 10 m (root mean square error). Version 3 has been adjusted for radar speckle errors that often affect coastal flat areas. SRTM DEM have been effectively used in several flood studies [TheilenWillige, 2006; Demirkesen et al., 2007] . Sanders [2007] compared performances of SRTM DEM with other types of on-line available DEMs and highlighted utility of SRTM data as a global source for flood modelling purposes, especially after correction for radar speckle errors. Furthermore, the SRTM vertical accuracy for relatively flat terrain was found to be better than in high relief areas, which is advantageous for coastal flood studies [Sanders, 2007] . 
Coastal zones
We extracted data about coastal zones via a visual photo-interpretation of the ASTER images. We digitized the whole coastline and divided it into six geomorphologic classes expressing different vulnerability levels to tsunami. Photo-interpretation was undertaken at the maximum detail level allowed by ASTER band 1 to 3N (15 m), which is consistent with our scale of analysis. We assigned each class a vulnerability score (CV, Coastal Vulnerability score) ranging between 1 (minimum vulnerability) and 5 (maximum vulnerability) (Tab. 1). Such scores were assigned on the basis of the damage observed during field surveys carried out after past tsunamis, particularly the 2004 IOT. Land use ASTER images have been widely used for the classification of land use type [Jianwen and Bagan, 2005; Buhe et al., 2007; Yuksel et al., 2008] , in natural hazard risk analysis [Liu et al., 2004; Hubbard et al., 2007; Kamp et al., 2008] , but not to study tsunami vulnerability assessment.
Pre-processing of the ASTER images
This work has been undertaken using ASTER level 1B scenes, that is ASTER level 1A (raw product) corrected from instrumental and geometric errors [ERSDAC, 2000] . All VNIR and SWIR bands of the ASTER image have been resampled to a spatial resolution of 15 m using nearest neighbour resampling process. All the images are projected into Universal Transverse Mercator, Zone 47 N with a WGS-84 datum. In order to eliminate the effects of atmospheric scattering and absorption in the VNIR and to increase the accuracy of surface type classification [Kaufman,1985; Falkowski et al. 2005] , the DN values have been converted to TOA (Top Of the Atmosphere) reflectance. This procedure is divided in two steps: (1) Converting DN values to spectral radiance; (2) Transferring the sensor detected radiance into TOA reflectance. At the first step, DN values of the sensor measurements are converted into spectral radiance measured (L rad ) by satellite sensor using the following equation:
where c is the unit conversion coefficient which differs for each ASTER band. Within this study, the normal values of c (Tab. 2) for each band were obtained from the ASTER user's guide [Abrams and Hook, 1998 ]. In step number (2), we applied an Atmospheric correction to the ASTER satellite images using the "Fast ) and marine aerosols together with automatic aerosol retrieval are used in FLAASH to correct the ASTER image. 
Classification
The classification process we adopted is based on a pixel-oriented approach, where each pixel is assigned to a class of land cover based on image spectral information.
In the present work, the classification was undertaken using the "decision tree" tool of the ENVI software. Such tool consists of a number of connected classifiers (i.e. decision nodes) which perform jointly the pixel classification task through a multistage process made-up of a series of binary decisions (Fig. 2) . Each decision is here based on a numerical comparison with a selected threshold index, which makes the whole process easily repeatable. Despini et al. [2009a, b] have recently used a similar method to extract land use classes from MODIS images. The main advantage of such approach is that data from many different sources and files can be used together to make a single decision tree classifier. Furthermore, the "decision tree" tool is non parametric, therefore it makes no assumptions on the distribution of the input data [Friedl and Brodley, 1997] .
The indexes chosen for the classification process are reported in Table 3 : the NDVI is a simple numerical indicator that can be used to analyse remote sensing measurements, typically but not necessarily from a space platform, and assess whether the target being observed contains live green vegetation or not; the Albedo (A) is retrieved from the equation below [Liang, 2000] where ρ 1 , ρ 3 , ρ 5 , ρ 6 , ρ 8 and ρ 9 are the reflectance for the corresponding ASTER bands. The spectral bands used in the "decision tree" are the band 3 (NIR 0.76-0.86µm) and band 4 (MIR = 1.6-1.7µm). We extracted 6 different land use classes: water, urban areas, agriculture, mangroves, forest and soil (Fig. 2 ). Where present, clouds and cloud shades (where no data was recognizable) have been vectorialised and added to the GIS database.
We verified the reliability of outputs using the confusion matrix method [Van Genderen et al., 1978] . The test areas used for the accuracy evaluation were selected following field surveys undertaken on Phuket Island in 2005.
After the classification process, we divided those areas classified as being "urbanised" in two further classes, according to the observed density of buildings. Such classes are: (1) Urbanised Areas (high density) and (2) Urbanised Areas (low density). The division was carried out through a photo-interpretation process. The final land use map is shown in Figure 3 . Finally, we assigned to each land use class a Land Use Vulnerability score (LUV), ranging from 1 to 5 (Tab. 4). Again, LUV scores were assigned according to the damage to different land use types observed after the 2004 IOT. Note that low scores are given to forest and mangroves, because although they have an important natural value, the damages they would suffer have been scaled with respect to those of urbanised areas, that have been considered the most vulnerable. The class "water" includes pools for aquaculture, that together with agriculture is one of the primary economic industries for Thailand. The naked soil class includes beaches and temporarily uncultivated crops. Both aquaculture plants, agricultural crops and beaches suffered heavy damage during the 2004 tsunami [Wartnitchai, 2005 , Mapa et al., 2005 . Highest vulnerability scores are assigned to urban areas. To emphasize the difference between the vulnerability of buildings and other land use classes, we left a gap in the scores scale (none of the classes has a vulnerability score of 3). Altimetry SRTM data were downloaded in a .tiff format and converted to a vectorial dataset through ArcGIS 9.2. The whole study area was divided into cells with sides of 90 metres associated with an average altimetry value expressed in metres above mean sea level (m a.m.s.l.). Since the vertical domain of analysis includes only areas lower than 25 m a.m.s.l., all of the cells up to 25 m a.m.s.l. were extracted from the DEM and displayed in a new map, after being divided into 3 intervals. Elevation Vulnerability scores (EV) were assigned to each interval according to Table 5 (Fig. 4) . Figure 4 -An "Elevation Vulnerability" score (EV) ranging between 1 and 5 has been given to all zones lower than 25 m a.m.s.l. We set EV intervals according to Table 5 .
Distance from the shoreline
Since the maximum wave inundation 2004 exceeded 3 km at Khao Lak, Phang-Nga province [Siripong, 2006] , we set the horizontal domain of the analysis to the 5th kilometre inland. Using the ArcGIS 9.2 "buffer" tool, we divided the first 5 kilometres of land into 5 belts, parallel to the shoreline and having each a width of 1 km (Fig. 5) . To each belt we gave a Distance Vulnerability score (DV) ranging from 5 (maximum vulnerability, from the shoreline until the 1st kilometre inland) to 1 (minimum vulnerability, from the 4th to the 5th kilometre inland) (Tab. 6). Figure 5 -We divided the first 5 kilometres from the shoreline into 5 belts, each 1-km wide. To every belt we gave a Distance Vulnerability score (DV) ranging from 5 (from the shoreline until the 1st kilometre inland) to 1 (from the 4th to the 5th kilometre inland).
Calculating the overall vulnerability level
We calculated the vulnerability of the coastline and inland areas with two different indexes. The coastline vulnerability index scores are summarized in Table 1 . An overall vulnerability index of inland areas (V tot ) was calculated by joining together contributions made by single vulnerability factors (land use, altimetry, distance from the shoreline). This index was assigned to each land portion generated through a geometrical intersection among the three factor maps (Figs. 3, 4 , 5). The intersection was executed though the ArcGIS 9.2 tool called "intersect". This process generated a new polygon shapefile, containing only those areas that were common to all the three factor maps.
As a consequence, we calculated a V tot value for all of the areas falling within the first 5 kilometres of the shoreline and having a topographical elevation smaller than 25 metres. V tot scores were calculated as follows:
At the moment, no already tested/validated indexes for the assessment of the tsunami vulnerability at a regional scale are available in literature. We gave LUV a weight of 2 because it gives information on both the resilience and the socio-economic value of the exposed areas, while EV and DV just set the domain of the inundation.
Results
Vulnerability scores assigned to different coastal morphologies (CV) and calculated for different type of inland areas (V tot ) have been stored into a GIS, together with all inputs and the ASTER image. We used ArcGIS 9.2 to display results in form of vulnerability maps, through a colour-coded scale. Vulnerability scores of inland areas have been divided into 5 equal intervals. That division has been made through one of the different GIS applications for graphic representation on quantitative data. ArcGIS users could display vulnerability scores in a different way without modifying the numerical information on V tot , which is the main result of the analysis. Figure 6 shows the geographic range of those vulnerability classes across all Phuket subdistricts (tambon). The surface extent of different vulnerability classes in every subdistrict is summarized in Table 7 . The most vulnerable areas are located in the southern part of Phuket Island, within the subdistricts of Chalong, Wichit, Talat Nua, Talat Yai and Ratsada, where the city of Phuket is located. In that area most of the inundated zones have "High" and "Very High" vulnerability scores. Excluding the peninsula of Wichit and the mangroves in Ratsada, the coastline vulnerability index (CV) of that area ranges between 4 and 5. On the east coast, the bays of Karon, Patong, Kamala and Choeng Tale have mainly "High" and "Very High" vulnerability scores. However, the extent of the inundated area is much smaller than at Phuket Town and CV values are average (CV=3). The inundated areas of Sa Khu and Mai Khao have basically an "Average" V tot , except of the Phuket International Airport, which is located at the boundary between the two subdistricts and has "High" and "Very High" scores. CV values range between 4 and 5, aside from a small mangroves area at north and the promontory in the southern part of Sa Khu, which would not be inundated.
On the north-eastern coast V tot is mainly "Low" to "Average" although it rises to "Very High" at Pa Khlok Town. CV reaches very high (CV=5) scores at several beaches within the subdistrict of Pa Khlok, as well as at Pa Khlok Town. Within the subdistrict of Ko Kaeo V tot and CV are "High" to "Very High". 
Discussion and Conclusion
We developed and described an innovative approach (the CRATER method) that allows to generate tsunami vulnerability maps with a resolution of 90 m covering regional areas. Maps show the patterns of two different tsunami vulnerability indexes: one for coastal zones (CV) and one for inland areas (V tot ). End-users will need to consider both indexes to have a general view of the vulnerability distribution across their study area. We showed an application on Phuket Island, Thailand. All the inputs (coastal features, land use, altimetry and distance from the shoreline) have been obtained from satellite products (ASTER imagery and SRTM-3 DEM). In particular,
we extracted the required land use classes through a pixel-based classification of the ASTER images, based on the use of the "decision tree" tool (ENVI software) and a set of selected threshold indexes. Such approach ensures the repeatability of the whole classification process in different areas, or in the same areas at a different time.
As shown by the map in Figure 6 , most vulnerable inland areas resulted to be located in highly urbanised zones close to the shoreline. However, not all of the urbanised areas have been classified as having the same vulnerability score, since also the altimetry and the distance from the shoreline have been considered in the assessment. Most critical areas are those nearby the city of Phuket (subdistricts of Talat Yai, Talat Nua and Chalong) and all the bays on the western coast (subdistricts of Karon, Patong, Kamala). All these areas are located right on the coast, they have a rather flat topography and an high density of buildings. The only areas in which V tot and CV scores could not be calculated are those covered by clouds at the moment the images were taken. However all the chosen images have a cloud coverage lower than the 10%. The V tot index we adopted is based on the assumption that the contribution to the overall vulnerability made by different land use types has a weight two times larger than EV and DV (Equation 3). Such approach, plus the criteria used to assign LUV scores in Table 4 , allows to emphasize the vulnerability of the exposed urbanised areas against low-lying undeveloped coastal zones, which during the 2004 Indian Ocean Tsunami experienced a much lower damage. To our knowledge, no other indexes for assessing the vulnerability to tsunami at the regional scale are available in literature.
The scenario we adopted consists in a "flat" inundation, given by a single wave hitting every point of the shoreline with the same height and able to reach inland areas located up to 25 m a.m.s.l., within the first 5 km from the shoreline. The choice of assuming the inundation to be "flat" and given by a single wave is an approximation that we assumed to be acceptable, since at the moment this study was undertaken neither a probabilistic tsunami assessment nor a wave numerical simulation were available for such a large area. As a consequence, vulnerability maps that can be created through this approach leave aside the location of the tsunami generation site and the main direction of the tsunami propagation. However, as demonstrated by the 2004 IOT, Public Administrations and local risk managers need tools to assess the vulnerability to tsunamis now, and cannot wait until probabilistic scenarios and inundation models will be available for their respective areas of interest. The CRATER method may thus find many applications as a precautionary tool for supporting decision makers in long term urban planning and emergency strategies. The use of remote sensing data allows to asses vulnerability to tsunami on very extended areas, at national or even at ocean basin scale, with a relatively small amount of time and money. To our knowledge, this is the first work aimed to the creation of a methodology for tsunami vulnerability analysis at a regional scale, coupling land use data from ASTER imagery and SRTM-3 topography. Most of the existing methods work at the scale of single building/infrastructure and can be applied only to pre-selected spot areas. A regional scale approach such as the CRATER method may be useful to analyse more extended coastal zones and decide whether and where further high-detail analysis should be undertaken. Furthermore, because of world-coverage and availability of the input data required, this method can be applied anywhere and it doesn't need any pre-existing information about tsunami inundation-prone zones. Finally, the use of GIS allows to generate interactive maps, that can be queried by different type of end -users and easily kept updated through years, which is basic for low-frequency hazards such as tsunamis.
